Dynamic transmission models of influenza are often used in decision-making to identify which vaccination strategies might best reduce influenza-associated health and economic burdens. Our goal was to use laboratory confirmed influenza cases to fit model parameters in an age-structured, two-type (influenza A/B) dynamic model of influenza. We compared the fitted model under two different types of fitting methodologies: using longitudinal weekly case notification data versus using crosssectional age-stratified cumulative case notification data. These two approaches allow us to compare model predictions when using two different types of model fitting procedures, according to data availability. We find that the longitudinal fitting method provides best fitting parameter sets that have a higher variance between the respective parameters in each set than the cross-sectional cumulative case method. Also, model predictions-particularly for influenza A-are very different for the two fitting approaches under hypothetical vaccination scenarios that expand coverage in either younger age classes or older age classes. The cross-sectional method predicts much larger decreases in total cases from baseline vaccination coverage than the longitudinal method. Also, the longitudinal method predicts that vaccinating younger age groups yields greater declines in total cases than vaccinating older age groups, whereas the cross-sectional method predicts the opposite. These results show that the type of data used to fit a dynamic transmission model can produce very different outcomes, hence multiple fitting methods should be used whenever possible.
Introduction 1
Seasonal influenza imposes a significant health burden each year, reducing the quality of life confirmed case data for both A and B strains of seasonal influenza, or used the same fitting process to
The influenza virus in our model has a susceptible-infected-recovered-vaccinated natural history.
For transmission, we use the contact hypothesis [30] where our contact matrix C taken from Table an infectious individual, which in our case is constant across age groups. The time varying force of 64 infection for age group i is given by
66
where I j is the number of infected individuals in age group j and N j is the size of age group j.
67
Additionally, influenza incidence shows a prominent annual recurrence in the winter months, which 68 has been thought to be caused by a variety of factors such as temperature, humidity, and changes In Ontario, the primary types of vaccines used are the trivalent inactivated vaccine, the quadri-81 valent inactivated vaccine, and the quadrivalent live-attenuated vaccine [37] . In this region, the 82 recommended individuals to receive vaccination are those aged 6 months and older, and especially 83 individuals in high risk groups or those who may directly transmit to high risk groups [37] .
84
In our model, we specify a proportion of individuals in each age group to become vaccinated Our system of differential equations consists of susceptible S i (t), infected I i (t), recovered R i (t),
99
and vaccinated V i (t) individuals where i denotes the respective age class an individual belongs to.
The system is integrated with a time step of one day allowing for precise calculation the the daily 106 force of infection as well as sufficient numerical solution accuracy. We use the MATLAB package
107
ODE4 to fulfill our fixed time step requirement. In addition to the 5 year time period for which we 108 have historical influenza incidence data, we run our model with a 10 year burn in period. During 109 the burn in period, we use the 2010 population demographics and maintain the same vaccine uptake 110 rates that were used during our period of interest.
111
Each year we choose a day near the end of summer (August 31), to age the population [20, 24, 9] . 
Parameter Fitting

129
We compared two methods of fitting our model's parameters: fitting the parameters to longi-
130
tudinal weekly case notification data spanning multiple years (we will call this the "longitudinal 131 method") and fitting the parameters to cross-sectional age-stratified data that lack a temporal vari-132 able (we call this the "cross-sectional method"). We aim to fit the parameters of our model to multi-year longitudinal time series data taken from
135
[31] in a similar manner to Goeyvaerts et al. [24] . However, we use laboratory confirmed influenza 136 specimen cases instead of ILI incidence data used by previous models which are based on reported 137 influenza-like symptoms rather than laboratory confirmed cases.
138
In order to quantify the goodness of fit for a given parameter set, we use a least squares approach: of squares error is then pling ranges) are given in Table 1 . We then determine each parameter set's sum of squares score 150 over a simulation run. Next, we utilize MATLAB's GlobalSearch algorithm to search for optimal 151 parameter combinations using the parameter sets that offered the lowest sum of squares values.
152
GlobalSearch attempts to find a function's global minimum, and initializes its search over the pa-
153
rameter space from a user defined start point. In our case, the function we are seeking to minimize 154 is the sum of squares score of our system of differential equations. The input points are used by the 155 solver to determine an initial estimate for a basin of attraction, and the algorithm also generates a 156 set of trial points to be used in finding the minimum. Additionally, upper and lower bounds may Due to the stochastic nature of the process, more runs may result in lower least squares fits, and the available computational resources will be a determinant of how many initial points, and therefore 163 runs, of GlobalSearch are used. In our analysis, we use the 50 best performing parameter sets 164 obtained from the Latin hypercube sampling to use as initial points for the GlobalSearch algorithm.
165
We also tested a group of random initial points gathered from the top 15% of parameter sets from 166 the Latin hypercube sampling, but they did not provide better results (lower sum of squares) than 167 the aforementioned top 50 sets. The fitting for the cross-sectional method was identical to the longitudinal method, except we 174 did not compute a difference of squares from the model output to the historical data for each week.
175
Instead, the difference of squares was computed over total cases over the entire 5-year period. Also, 176 the model output of each age category (ages 0-19, 19-65, and 65+) was separately compared to 177 the corresponding historical data, such that we attempted to fit age-specific number of cases in the 178 model to the age-specific profile observed in the data. well. An interesting note is that the vaccine conferred waning immunity rate takes on its maximum towards the maximum ρ V value occurs in the influenza A parameter sets as well. 
Projected Impact of Expanded Vaccination Coverage
215
These results may be further tested by observing the impact of implementing different vaccination administered by the same amount in older age groups instead, which in our population is the ages 226 55+.
227
With the longitudinal fitting method for influenza A, vaccinating younger age groups produces 228 a 24.53% drop in total cases on average from baseline vaccination ( Figure 4A and Figure 5C ).
229
When targeting older age groups, we see an average reduction in total cases of 13.86%. Total mean 230 confirmed cases and their 95% CIs are found in Table 4 . Thus, the vaccination program aimed at 231 the younger age classes provides a small benefit in total case reduction on average compared to a 232 similar program targeting older ages. This stems from the low baseline vaccine uptake in children
233
and their high contact rates with each other as well as middle aged adults. In the case of influenza 234 B, targeting the younger ages gives an average 19.52% drop in total cases, whereas targeting the 235 older age groups gives an average 24.27% drop in the mean ( Figure 4B and Figure 5D ). Total mean 236 confirmed cases and their 95% CIs are found in Table 4 . In this case, vaccinating older age groups 237 produces a small but largely negligible average reduction in the mean of total cases across parameter 238 sets used. Using the cross-sectional method, influenza A results differ from the longitudinal method. In this case, vaccinating older age groups results in the best case reduction ( Figure 5A with comparison 241 to the longitudinal model in Figure 5C ). When increasing vaccination rates in the ages 55+, we 242 see less than half the total cases than when expanding vaccination amongst ages 0-18. Total mean 243 confirmed cases from the simulations are found in Table 4 . For influenza B, vaccinating the younger 244 age groups yields a 31.89% reduction in mean cases compared to baseline, and vaccinating older 
Discussion
252
We have designed and implemented an age-stratified dynamic transmission model of seasonal cumulative case data from the years 2011-2016 in Canada. We also used this model to evaluate 256 vaccine expansion strategies which target certain age groups.
257
Using the cross-sectional method, the variance amongst the respective parameters in each of the 258 50 best sets is generally smaller than that of the variance amongst the parameters found using the 259 longitudinal method. Also, when introducing vaccination scenarios targeting different age groups,
260
outcomes from using parameters derived from the two types of data differ-particularly for influenza that the laboratory confirmed case data is a consistently uniform sample of all influenza cases.
273
However, physicians may send in more tests depending on the time of year or when they perceive 274 the prevalence of influenza is higher. Finally, we assume that vaccine efficacies are the same for both
275
A and B strains, and that the infectious period is the same for both as well [9] .
276
There are some differences in the data used which hinder direct comparisons. 
